The worldwide burden of tuberculosis (TB) remains an enormous problem, and is particularly severe in the admixed South African Coloured (SAC) population residing in the Western Cape. Despite evidence from twin studies suggesting a strong genetic component to TB resistance, only a few loci have been identified to date. In this work, we conduct a genome-wide association study (GWAS), meta-analysis and trans-ethnic fine mapping to attempt the replication of previously identified TB susceptibility loci. Our GWAS results confirm the WT1 chr11 susceptibility locus (rs2057178: odds ratio 5 0.62, P 5 2.71e 206 ) previously identified by Thye et al., but fail to replicate previously identified polymorphisms in the TLR8 gene and locus 18q11.2. Our study demonstrates that the genetic contribution to TB risk varies between continental populations, and illustrates the value of including admixed populations in studies of TB risk and other complex phenotypes. Our evaluation of local ancestry based on the real and simulated data demonstrates that case-only admixture mapping is currently impractical in multi-way admixed populations, such as the SAC, due to spurious deviations in average local ancestry generated by current local ancestry inference methods. This study provides insights into identifying disease genes and ancestry-specific disease risk in multi-way admixed populations.
INTRODUCTION
Tuberculosis (TB) is a significant source of morbidity and mortality worldwide, particularly in developing countries. It is a leading cause of human immunodeficiency virus (HIV)-related deaths, as almost one in four deaths among people with HIV infection is due to TB (1,2). In 2010, there were 8.8 million new cases of TB, of which 1.1 million were among people living with HIV (3, 4) . TB susceptibility is known to be a complex trait influenced by both genetic and environmental factors (5) . The environmental factors that influence TB susceptibility include socio-economic conditions, smoking and acute infection. One-third of the world's individuals are infected with TB, but only 10% go on to develop active TB during their lifetime (6, 7) . In addition, twin studies in humans and animal models also demonstrate a strong genetic influence on TB susceptibility (5, 8, 9) . The rate of concordance of TB among monozygotic twins (18 of 55, 32.7%) was more than twice (odds ratio of concordance: 2.4; 95% CI: 1.4-4.0) that observed among dizygotic twins (21 of 150, 14.0%) (8, 9) . These estimates suggest that genetic factors play an important role in TB susceptibility in both understanding the host response and determining the outcome of infection (2, 8) .
GWAS identification of genetic associations of host susceptibility to infectious disease, such as TB, has been slow and limited by small sample sizes (10, 11) . Few GWAS papers that identify the signal of association with pulmonary TB were published until recently. Davila et al. identified four polymorphisms in the TLR8 gene on chromosome X, in an Indonesian population and replicated the result in a Russian cohort (12) . Thye et al. conducted a combined GWAS in African populations in Ghana and Gambia to investigate the host susceptibility to TB, and identified the 18q11.2 locus (13) . Recently, Thye et al. reported a new TB susceptibility locus on chromosome 11p13 in a Ghanaian population near the WT1 gene. This finding was replicated in samples from Gambia, Indonesia and Russia (14) . A casecontrol study in a Chinese population failed to replicate the 18q11.2 locus (15) . However, it was replicated in a separate Han Chinese TB cohort (16) .
These studies and work showing that rates of TB vary considerably between populations and regions suggest that association effects may vary across ethnic groups (4, 17) . Analysis of the correlation between genetic ancestry and phenotype in recently admixed populations can improve disease prediction and provide crucial insights into medical genetics (18) . For example, Kumar et al. showed that genetic ancestry exerts a major influence on improving lung-function estimates and categorizing asthma severity in an African American population (18) .
The second highest incidence of TB in the world is in the Western Cape in South Africa, particularly in the admixed South African Coloured (SAC) population (3, 19) . Investigations based on candidate gene studies and genome-wide linkage scans on the SAC population were previously conducted (3, 10, 11, 19, 20) . Many of the candidate gene studies failed to observe statistical associations with the markers that were examined and were often inconclusive (11, 20) . Although a few genetic association studies have identified candidate genes for TB susceptibility using data from the SAC population (11, 20) , neither ancestry-specific TB risk nor GWAS for TB has been considered in this population. In addition, no study on other African ethnic groups has been attempted to replicate the susceptibility loci on chromosomes 18q11.2 and 11p13, reported in Thye et al. (13, 14) , respectively. It is not known whether the predisposition due to these SNPs applies to other African populations.
Here, we conducted a GWAS with correction for genomewide ancestry, computed the power to replicate each published odds ratio and specified whether the published odds ratio lies within the 95% confidence interval (CI) estimated in the SAC dataset. Our study replicated the polymorphisms in WT1 gene previously identified in Thye et al. (14) . Both imputation-based meta-analysis and trans-ethnic fine mapping of our study with recent African TB studies confirm that genetic variants in the WT1 gene confer risk of TB. However, our study did not validate previously identified polymorphisms in the TLR8 gene on chromosome X (12) or the 18q11.2 locus (13) .
The SAC have a mixed ancestry traced back over 350 years from various populations including European Caucasoid, South and East Asians, and SAN and Bantu Africans (21) (22) (23) (24) . Our results show that ancestry-specific TB risk is not due to confounding by socio-economic status (SES) as is the case for type-2 diabetes in Latino populations from Mexico and Colombia (25) . Furthermore, our findings indicated that the SAN ancestral component confers risk while non-African ancestral components confer protection against TB in the SAC.
RESULTS

GWAS with correction for genome-wide ancestry
We analyzed data from 642 TB cases and 91 controls (after QC) genotyped on the Affymetrix 500 K chip (see Materials and Methods). Using impute2 (26), we imputed the untyped genotypes using HapMap3 release 2 (27) and 1000 Genome project populations (28) . There were 1 453 294 and 4 467 279 genetic variants retained from each imputation panel respectively. As expected, we observed substantial population substructure in the SAC (see Materials and Methods). To account for both population stratification and hidden relatedness, we applied the mixed model approach EMMAX (29) on these datasets; the Q-Q plots of genomic control factors effects are shown in Figure 1 . The genomic control lambda (30) was l GC ¼ 1.05 for the typed dataset, l GC ¼ 1.05 for the HapMap3 imputed dataset, l GC ¼ 1.09 for the 1000G imputed dataset and l GC ¼ 1.08 for the combined (typed, HapMap3 imputed and 1000G imputed) dataset. These genomic control lambdas are acceptable, and suggest little departure from the null expectation, except at the right end tail of the distribution. To control for cryptic relatedness, we used EMMAX (29), a variance component-based statistical test shown to control for both structure and relatedness.
As shown in Figure 2 , a SNP on chromosome 14 q24.2, rs17175227 (P ¼ 8.99e
209 and OR ¼ 0.141) appears to be a genome-wide significant association signal. The SNP rs17175 227 has a low minor allele frequency of 0.01642. We performed a well-calibrated test for rare SNPs, Fisher's exact test, to see whether the specific SNP would still be genome-wide significant. The result suggested that rs17175227 was not genomewide significant (P ¼ 2.77e Fig. S1 ). This highlights an important challenge in association analysis of low-frequency (1-5%) variants, which may often attain genome-wide significance in standard tests such as mixed model association or logistic regression due to the imperfect asymptotic distribution of those tests in the case of low-frequency variants (Materials and Methods).
The HapMap3 imputed SNP rs12294076 (P ¼ 9.56e 208 ) on chromosome 11q21 -q22.1 narrowly misses the threshold of genome-wide significance, which we define as P ¼ 6.4e
208 , 1.7e 208 and 5.5e 209 based on 390 887; 1 453 294 and 4 467 279 SNPs tested (Fig. 2 ) from typed genotype data and imputed data using HapMap3 and 1000 Genomes data, respectively (see Materials and Methods). The genetic variant rs12294076 has a minor allele frequency of 0.16 in the SAC, 0.22 in Yoruba and 0.00 in other HapMap populations, and is likely to be an African-specific SNP. The closest gene to this SNP is DYNC2H1. This gene encodes a large cytoplasmic dynein protein known to be involved in retrograde transport in the cilium with a major role in intraflagellar transport (31) . Mutations in DYNC2H1 cause a heterogeneous spectrum of conditions related to altered primary cilium function. The sub-cellular distribution of dynein shows specific association with elements of the late endocytic pathway (31) . Additional 36 typed and 62 imputed genetic markers with suggestive P-values (10 205 -10
206
) that did not pass our genome-wide significance thresholds are listed in Supplementary Material, Tables S1 and S2, respectively.
Human Molecular
Genetics, 2014, Vol. 23, No. 3 797
Replication of SNPs reported in previous studies
We attempted to replicate the chr11, chr18 and chrX associations with TB previously reported by Thye et al. (13, 14) and Davila et al. (12) , respectively. In each case, we computed our power to detect an association at the previously reported odds ratio, and evaluated whether the previously reported odds ratio was within our 95% CI (see Materials and Methods). We found that the associated SNP, rs2057178 (P ¼ Table S3 ). The rs205 7178, rs11031728 and rs11031731 1000G imputed SNPs in the SAC are not genotyped in GIH and SAN data. Nevertheless, we computed the r 2 LD between these three SNPs and other SNPs in the WT1 locus using the SAC data and the Yoruba in Ibadan (YRI), CEU, Japanese in Toyko (JPT) + CHB data from the 1000 Genomes project. Previous results reported that the rs2057178, rs11031728 and rs11031731 SNPs are in strong LD in the Ghanaian population (14) . We obtained r Table S3 , the effect of the susceptibility loci at WT1 in the SAC is in the same direction as those published in Thye et al. (14) , suggesting resistance to TB. However, the published odds ratio in Thye et al. 2012 (14) does not lie within the 95% CI estimated in the SAC dataset (Table 1) . This may be due to different LD patterns between the SAC and WTCCC-TB data, since the SAC is admixed. SNPs can be associated with the same phenotype in different ethnicity groups, but the effect sizes may differ substantially, because the tag SNP may tag different sets of causal variants.
WT1 is a suppressor gene located on chromosome 11p13 and provides instructions for making a protein that is involved in the development of the kidneys and gonads (ovaries in females and testes in males) before birth (32) . Furthermore, it is also known as a transcription factor since it regulates the activity of other genes by binding to specific regions of DNA. Querying a comprehensive human Protein-Protein Interaction network (http://cbg.ga rvan.unsw.edu.au/pina/), WT1 has known direct interactions (32) with UBE2I, AREG, WTAP, AREGB, U2AF2, TP73, SDGF, PRKACA and the P53 gene. In particular, this gene is unusually expressed in lung and certain types of prostate cancer, and has been seen in some cancers of blood-forming cells (leukemias), such as acute lymphoblastic leukemia, chronic myeloid leukemia and childhood acute myeloid leukemia (32 Table S4 ) in the SAC data. In addition, the rs4331426 SNP is not in LD with any SNPs in WT1 locus in the data of the SAC, CEU, YRI and JPT + CHB. One possible explanation for our failure to replicate this locus could be our low power to detect the reported odds ratio (power ¼ 0.12). However, the published odds ratio of rs4331426 is not included in the 95% CI (CI) Table 1 ), suggesting that our nonreplication was not due solely to low power. Different LD patterns between the SAC and Gambia/Ghana/Malawi populations provide an alternative explanation. To compare our study with previous findings of association with TB susceptibility at four polymorphisms in the TLR8 gene on the X chromosome from Davila et al. 2008 (12) , we conducted an additional imputation GWAS on the non-pseudoautosomal region (nonPAR) and two pseudoautosomal regions (PAR1 and PAR2) of the X chromosome in the SAC. The results displayed in Table 1 compare our results with those from Davila et al. (12) . Our imputation GWAS suggests a non-significant trend towards association of these four polymorphisms in the TLR8 gene on the X chromosome, including rs3764880, rs37 64879, rs3761624 and rs3788935 (Table 1 and Supplementary Material, Fig. S2 ). These four SNPs are in LD with one another (r 2 . ¼ 0.5) in the data of the SAC, additional SNPs in LD with rs3788935 (the reported TB associated SNPs in Davila et al. 2008 (12) ) in the SAC, CEU, YRI, JPT + CHB, GIH and SAN data and their related P-values from the SAC association study are provided in Supplementary Material, Table S5 . Because we had incomplete power to replicate the published odds ratio (power ¼ 0.55), and the published odds ratio in Davila et al. (12) lies within the 95% CI estimated in the SAC dataset (Table 1) , the lack of a statistically significant association in our data may be due to incomplete power.
Meta-analysis
Identifying common variants of modest effect is a challenge, and large sample size is a way to increase power. The sample sizes of TB cases and controls in this study do not provide sufficient power to obtain associations at a stringent level of statistical significance. To increase the power to detect common variants, we combined the current dataset with existing data in order to fine-map existing signals by performing imputation on the WTCCC-TB (Gambia/Ghana/Malawi) data and including the imputed SNPs in fine-mapping analyses. Merging the two genome-wide imputation GWAS datasets (SAC-TB and WTCCC-TB), a total of 1 009 364 autosomal SNPs were meta-analyzed across the two studies (SAC-TB and WTCCC-TB). Since admixture LD in the SAC and possible different LD patterns between the SAC and Gambia/Ghana/Malawi samples can cause heterogeneity, we assessed the degree of heterogeneity in the combined studies in order to choose an appropriated meta-analysis method (fixed or random effect). We obtained 84.80% of variability due to heterogeneity between studies (SAC-WTCCC) rather than sampling error and a total amount of heterogeneity (Tau-square heterogeneity estimator of DerSimonian -Laird) was 0.0288 (SE ¼ 0.0226), indicating a high level of heterogeneity in our combined studies.
To account for the between-study heterogeneity, we applied both random and binary-effects methods implemented in the MetaSoft program (33) (see Materials and Methods). We report results of random and binary-effect meta-analyses (Table 2) . We also obtained reasonable inflation rates from the random-effect (l GC ¼ 1.062), binary-effect (l GC ¼ 1.05) and from each individual study, SAC-TB (l GC ¼ 1.094) and WTCCC-TB (l GC ¼ 1.0495), respectively (Supplementary Material, Fig. S3 ). In addition to standard P-values, we also Assuming a P-value threshold of 0.05, we computed the power to replicate each published odds ratio in the SAC dataset (Power). All published odds ratio from Thye et al. (13, 14) do not lie within the 95% CI estimated in the current SAC dataset.
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Human Molecular Genetics, 2014, Vol. 23, No. 3 examined the posterior probability (m-value) that the effect exists in each study (33) . Using a threshold m . 0.7, we observed two genetic variants, rs2057178 and rs11031728 ( Fig. 3 and Table 2 ) with similar P-values to those from the standard GWAS (Table 1) , that resulted in a significant risk of TB and had effects in our study and the Thye et al. study (14) . These SNPs are both on chromosome region 11p13 and replicate the recent findings of Thye et al. (14) in our imputation GWAS. We evaluated whether trans-ethnic meta-analysis can refine or confirm the replicated association signals by narrowing the genomic regions at locus WT1 where functional variants might be expected to reside. To address this, we re-imputed SNPs at chromosome region 11p13 (32409321-32457176 bp) from both WTCCC-TB and SAC-TB. Supplementary Material, Table S3 displays GWAS results, the patterns of linkage disequilibrium in region in both ethnic groups (WTCCC-TB and SAC-TB). Although the imputations were moderately accurate (CALL 0.8, Supplementary Material, Table S3 ), all the imputed variants at locus WT1 were in LD with the lead SNP rs2057178 in the SAC.
Our trans-ethnic fine mapping (Supplementary Material, Table S6 ) based on the imputation meta-analysis at chromosome region 11p13 confirmed the association signals at locus WT1 and facilitated the localization of neighbouring variants in LD that may influence trait variability at loci of WT1. The between-study heterogeneity due to different patterns of LD and imputation accuracy are major limitations for fine mapping of GWAS signals (26, 34) , nevertheless this current result (Supplementary Material, Tables S3 and S6) demonstrated that fine mapping is a powerful approach to better characterize TB susceptible loci risk in diverse populations.
Additional meta-analysis of our TB study and four polymorphisms in the TLR8 gene on chromosome X previously identified in Davila et al. (12) are found in Supplementary Material, Figure S2 . Although Metasoft provides a slightly different P-value (Table 2) for SNP rs4331426 than the one from the standard GWAS (Table 1) , which may be due to high heterogeneity (ST2 ¼ 32.6, see Table 2 ), this susceptibility locus reported in Thye et al. 2010 (13) does not survive genome-wide significance in the TB meta-analysis of the SAC and Thye et al. 2010 (13) . Moreover, the combined SAC TB study and TB susceptibility at four polymorphisms in the TLR8 gene on X chromosome in the Indonesian population reported in Davila et al. 2008 by meta-analysis do not yield any convincing association evidence. The failure may be mainly due to low power (56.2 and 12.3%) to detect the four polymorphisms in the TLR8 gene on chrX and locus at 18q11.2 associations using the meta-analysis sample size, respectively. In addition, variability of patterns of LD across distinct ethnic groups (SAC, Gambia/Ghana/Malawi and Indonesian) might explain our replication failure.
Relationship between TB risk and genetic ancestry
We estimated the proportion of genome-wide ancestry in 733 unrelated SAC individuals (642 cases and 91 controls) from these five proxy ancestral populations (Supplementary Material, Table S7 ), including European (CEU), Bantu Africans (YRI), SAN Africans, Gujarati Indian (GIH) and Chinese/Japanese (CHB + JPT). Our choice of the proxy ancestral populations of the SAC is based on previous findings (21) (22) (23) P_RAN is the P-value of random effect, P_BE is the P-value of binary effect, ST1 and ST2 are the statistic mean effect and heterogeneity, respectively. M-value is the posterior probability that the effect exists in each study. The P-value of rs4331426 differs from that in Table 1 , mean age 37 in cases and 31 in controls) with risk of TB, but no evidence of correlation between sex and TB (P ¼ 0.597).
We observed a correlation between ancestry proportions of the ancestral populations (Supplementary Material, Table S8 ). We checked to see if the tests above could be confounded by this correlation by performing conditional risk tests between pairs of the ancestral populations (see Materials and Methods). Our results demonstrate that African ancestry (SAN, YRI) TB risk in the SAC is not significant conditioned on non-African ancestry (CEU and JPT -CHB) risk. With the exception of Indian (GIH) ancestry, non-African ancestry (CEU and JPT -CHB) risk is significant conditioned on African ancestry risk. This shows that YRI and SAN are differently correlated with risk than CEU, JPT -CHB and GIH (Supplementary Material, Table S7 ). JPT -CHB, GIH and CEU are not significantly conditioned on each other and all are correlated with TB risk (Supplementary Material, Table S8 ). We see that SAN confers risk, CEU, JPT -CHB and GIH confer protection, and YRI shows no evidence of correlation (Supplementary Material, Table S8 ).
Another potential concern was that the observed relationship between genetic ancestry and TB status could be a consequence of confounding due to SES, as described in a recent study of type 2 diabetes in Latinos (25) . We investigated this possibility by studying two SES variables (see Materials and Method), household and individual incomes (Supplementary Material, Table S8 ). Although these variables were available in only a subset of 82 SAC cases, it was possible to draw a conclusion about whether or not there exists both a hypothetical difference in SES in cases versus controls (which we cannot quantify) and a correlation between ancestry and SES (which we can quantify), as both effects would need to be present in order for the ancestry analysis to be confounded by SES. When testing for correlations between each of the two SES variables and each of the five ancestries, none of the results were statistically significant after correcting for 10 hypotheses tested (Supplementary Material, Table S8 ). ) between SAN ancestry and TB status unless there is a virtually perfect negative correlation between SES and TB status, which is highly unlikely. Thus, the observed association between SAN ancestry and TB status (Table 3) is not entirely a consequence of SES.
Accuracy of multi-way local ancestry inference in the SAC
Recently introduced locus-specific ancestry methods for multiway admixed populations, including ALLOY (39), PCAdmix (40), MULTIMIX (41) and ChromoPainter (42) achieved equivalent accuracy to WinPOP (43) or Lamp-LD (44) . Therefore, we assessed the accuracy of two methods for inferring local ancestry in multi-way admixed populations, Lamp-LD (44) and WinPOP. We simulated 750 individuals of mixed European (CEU), Chinese and Japanese (CHB + JPT), Bantu (YRI) and SAN ancestry on chromosome 1 (Supplementary Methods Text 1). We assessed the accuracy from the inferred local ancestry from both Lamp-LD and WinPOP by comparing an estimate of correlation between the inferred local ancestry from Lamp-LD (CEU: 86%, YRI: 78%, GIH: 84%, CHB + JPT: 90% and SAN: 80%) and WinPOP (CEU: 58%, YRI: 69%, GIH: 51%, CHB + JPT: 48% and SAN: 47%) and the true ancestry information by computing the accuracy (Supplementary Methods Text 1) . The results suggest that Lamp-LD provides greater accuracy than WinPOP (Supplementary Material, Figs S4 and S5 ). Given this, we then assessed the ability of Lamp-LD to correctly infer the local ancestry in a multi-way admixed population by computing the rate of calling true ancestral and the error of calling other ancestral populations instead of the true ones (Supplementary Methods Text 1). Supplementary Material, Table S9 demonstrates that even Lamp-LD does not correctly estimate the true local ancestry in a multi-way admixed population. Supplementary Mean and standard error of ancestry proportion from each of five populations contributing to the admixture in the SAC (from cases, controls and all samples of the SAC.).
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Material, Table S9 shows that the true CEU ancestry in the admixed population (simulation data) is miscalled as GIH ancestry (17%) more often than true GIH ancestry is miscalled as CEU ancestry (9.4%). The true SAN ancestry in the admixed population (simulation data) is miscalled as YRI ancestry (15.8%) slightly more often than true YRI ancestry is miscalled as SAN ancestry (14.2%). Due to the limitation in accuracy of these methods in inferring local ancestry in multi-way admixed populations, we conclude that case-only admixture mapping is impractical in the multi-way admixed populations such the SAC.
Deviation in local ancestry in the SAC
A major limitation of admixture mapping and admixture association is that the inference of locus-specific ancestry in complex multi-way admixed populations such as the SAC may suffer from spurious deviations in average local ancestry at particular chromosomal regions from cases and controls, resulting in spurious case-only admixture associations (45, 46) . Simulation may not measure systematic inaccuracies arising from the violations of model assumptions such as random mating, number of generations since admixture, and recombination rate (45, 46) in estimating local ancestry. Here, we conducted a real data-based evaluation of local ancestry using the SAC population. We evaluated the deviations in local ancestry inferred from Lamp-LD (Materials and Methods Text 2). Several SNPs in a total of 69 chromosomal regions (Supplementary Material, Table S10 ) showed strong deviation in local ancestry (4 standard deviations above or below the genome-wide average) in the SAC. These inferred local ancestries regions with large deviation are consistent between cases and controls (Fig. 4) , indicating that the deviations in cases are not true disease associations and could lead to spurious admixture associations if case-only admixture mapping is employed (45, 46) . We conclude that case-only admixture mapping is currently impractical in multi-way admixed populations such the SAC.
DISCUSSION
We conducted a genome-wide association analysis of TB casecontrols from the admixed SAC population, resulting in the identification of a low-frequency variant at the rs17175227 SNP. After imputation we also identified a rare variant at rs122940 76 SNP at the borderline of genome-wide significance and we moderately replicated a recently reported susceptibility locus, rs2057178. Similar results were obtained when including age and gender as covariates in the analysis (Supplementary Material, Table S1 ). Power to detect association is a function of allele frequency and rare variants are underpowered when sample sizes are limited. Because of the imperfect asymptotic distribution of mixed model association or logistic regression in the specific case of low-frequency variants, which may often reach genomewide significance; we computed Fisher's exact test values for variants that achieved the most significant mixed model association P-values. This resulted in rs17175227 not reaching the genome-wide cut-off. Importantly, Fisher's exact test allowed us to demonstrate that a rare variant is not genome-wide significant although it achieved significant mixed model association P-values. In general, the analysis of rare or low-frequency variants poses challenges at any dataset of smaller to larger sample size.
Fisher's exact test, as its name implies, may be a well-calibrated test for rare SNPs and works fine with small sample sizes. However, Fisher's exact test lacks flexibility to handle multiple predictors, does not account for the contribution of the sample structure to the phenotype and may inflated. Our study addressed these issues. Until such time as GWAS is able to account for rare variants, our current recommendation is to apply Fisher's exact test to the few low-frequency variants that are shown to be significant from the mixed model in GWAS. For combined typed and imputation GWAS, Table 4 displays the top 24 genetic markers with suggestive P-values (, or equal to 10
206
) obtained from the association analysis with the TB phenotype in the SAC, including some previously reported TB SNPs that we discuss in the next section. An additional 36 typed and 62 imputed SNPs attained suggestive levels of significance (10 205 -10 206 ), and can be found in Supplementary Material, Tables S1 and S2, respectively.
Imputation-based meta-analysis, combining data from the GWAS conducted at different locations, was successful in a recent study of severe malaria in three African populations (47) . To achieve sufficient power and identify shared risk loci with a previously reported African TB case -control studies (13, 14) , a GWAS meta-analysis was performed under randomeffect and binary-effecs models. In combining GWAS data across these studies, two loci (rs2057178 and rs11031728) had an association result with genome-wide significance, and showed strong effects in both our study and the previous African TB case -control study (14) .
We used a combination of two complementary methods to examine whether the genetic ancestry contribution can increase TB risk, and evaluated the contribution of SES to the ancestry-TB relationship in the SAC. Our results demonstrated significant evidence of an association between SAN ancestry and TB status that is not confounded by SES. This is an important epidemiological result and illustrates the value of the inclusion of admixture association methods in the set of methods used to conduct TB association studies in this population. When the extremely high incidence of TB in the SAC population is considered, together with our finding that a significant percentage of their ancestry is derived from the SAN and other African populations, it appears possible that there is an element of population level genetic susceptibility to this disease. Although, our study had only 82 cases with SES information, it was possible to draw a conclusion about the extent to which both a hypothetical difference in SES in cases versus controls (which we could not quantify) and a correlation between ancestry and SES (which we quantified) could lead to the ancestry analysis being confounded by SES. Specifically, if ancestry and SES were correlated, this correlation would exist irrespective of TB status and would exist in both cases and controls, regardless of whether or not there is a mean SES difference between cases and controls. We justified our conclusion by the results we presented in Florez et al. (25) , in which they observed a similar correlation between ancestry and SES in both cases and controls. Our study is the first ancestry-specific GWAS of TB risk in the complex admixed SAC population. Our subsequent imputationbased meta-analysis and trans-ethnic fine mapping including other GWAS on African populations confirmed loci identified previously. The results (Table 2 and Supplementary Material,  Tables S3 and S6 ) demonstrated that trans-ethnic fine mapping is a powerful approach to better characterize TB susceptible loci in diverse populations.
Overall, some limitations should be noted in our current study. First, the present study is underpowered to detect risk variants of small effect size, because of our modest sample size. However, we addressed these issues by computing the power to replicate TB published odds ratio and for each published association we specified whether or not the published odds ratio lies within the 95% CI estimated in our current dataset. This allows us to interpret the failure to replicate previous TB findings in our study.
We detected an association at the previously identified WT1 locus that is almost genome-wide significant in our data despite the limited sample size. Second, imputing missing genotype data of a complex admixed population is an important challenge with several issues related to the choice and size of existing reference panels. In particular, the imputation of missing genotype data of the admixed SAC population was suboptimal. Nonetheless, the increased number of SNPs generated by imputation analyses was useful in this study, yielding the replication of TB susceptibility loci (14) . Third, despite applying Fisher's exact test to address the case of rare variants, the implementation of newer sequencing technologies is still required to search for rare risk variants. This may potentially provide crucial insights in identifying TB susceptibility genes and, therefore, inform the development of novel interventions. Fourth, the betweenstudy heterogeneity due to divergent evolutionary and migratory histories, variability of patterns of linkage disequilibrium across distinct ethnic groups, and the differing imputation accuracy are major limitations for fine mapping of GWAS signals in multi-way admixed populations such as the SAC. Lastly, a major limitation of admixture mapping and case-only admixture association analysis is currently due to errors in inference of local ancestry in complex multi-way admixed populations such as the SAC. Our simulation result demonstrated that existing methods may attain high accuracy on average but may suffer from spurious deviations in average local ancestry at particular regions. These deviations would be present in both cases and controls, and would lead to spurious case-only admixture associations.
Overall, our GWAS provides promising results and suggests that more power can be obtained by designing an extensionassociation model that can combine both SNP case-control and admixture in the SAC. Priorities for future work will be to examine an accurate, unbiased estimation of the ancestry at every SNP in this multi-way admixed population to potentially provide crucial insights into identifying disease genes. This will provide a method to account for a combined genome-wide SNP case -control and admixture analysis in a multi-way admixed population such as the SAC.
MATERIALS AND METHODS
Samples and genotype quality control
The SAC population under study is located in the metropolitan area of Cape Town in the Western Cape Province in South Africa (12) . Since the ethnicity, SES and HIV infection may be confounders in TB association studies (2 -4), this area was selected due to the high incidence of TB as well as the uniform ethnicity, SES and low prevalence of HIV (1). This is due to the following reasons:
(1) Uniform ethnicity and SES status are important in disease association studies, as it removes some of the confounding variables. (2) Low prevalence of HIV is important because in the presence of HIV infection, an individual has a greatly increased chance of progressing to TB disease once infected, simply because of their impaired immune system, and not necessarily because of their genetic susceptibility.
The definition for TB diagnosis and recruitment of appropriate controls for infectious diseases such as TB has been shown to be important in the interpretation of GWAS results (48) . Therefore, the TB patients in this study were identified through bacteriological confirmation (smear positive and/or culture positive). Controls were selected from the same community living under the same conditions including SES status and availability of health facilities. These healthy individuals had no previous history of TB disease or treatment. Approval from the Ethics Committee of the Faculty of Health Sciences, Stellenbosch University (project number 95/072) was obtained before blood samples were collected with informed consent, and known HIV-positive individuals were excluded from the study. The study samples were genotyped on the Affymetrix 500 K chip and SNP calling was done as described by De Wit et al. (21) . Quality-control filters were applied to 797 cases and 91 controls. A total of 6450 SNPs failed the minor allele frequency (MAF , 1%) and missingness test (GENO . 0.05), as well as the HWE test in controls (alpha level 0.0001). We retained 390 887 SNPs for 888 individuals (381 558 autosomal SNPs; 797 cases and 91controls; 489 males of which 444 are cases and 45 controls). Further relatedness analysis using PLINK (49) was conducted and resulted in the removal of 155 related individuals, producing a dataset suitable for methods that assume independent samples. It has 390 887 SNPs for 733 individuals (381 558 autosomal SNPs, 642 cases and 91 controls; 406 males of which 361 are cases and 45 controls). The resulting cases and controls can provide the same amount of power in detecting the association signal as 159 cases and 159 controls. To further check the homogeneity of the samples, we additionally performed the identity-by-state (IBS) permutation test, where case-control labels were permuted, and then recalculated between group metrics based on the average IBS (fixed 10 000 permutations).
Imputation of missing genotypes
To account for the population structure in the admixed SAC in imputing the untyped genotypes, we considered the imputation model based on population genetic parameters in the coalescent framework implemented in IMPUTE2 (26) . Exploring the advantage of the model in IMPUTE2, we combined all available reference-phased haplotype data from both release 2 of the HapMap 3 dataset (NCBI Build 36) (includes Utah residents ( Table S7 ). We performed the quality-control filters on each population separately. After the quality-control filter checks, the resulting merged dataset of the SAC within its five putative ancestral populations had 272 798 autosomal SNPs. We additionally removed 37 556 A/T and C/G and 6176 sex SNPs from the merged dataset that contained 272 798 autosomal SNPs, resulting in a dataset of 229 076 SNPs. We additionally remove each SNP that has an LD r 2 value of .0.1 with any other SNP within a 50-SNP sliding window (advanced by 10 SNPs at a time). We finally obtained the subset of unlinked SNPs (n ¼ 49930). We then applied the algorithm implemented in ADMIXTURE (51) to determine the individual admixture proportion in the SAC data and in both case -control only data of the SAC. Supplementary Material, Figure S6 (A and B) and Table S3 show that genome-wide ancestry varies widely across SAC individuals, SAN (33 + 1%), YRI (28 + 2%), CEU (19 + 1%), GIH (13 + 0.9%) and CHB + JPT (7 + 0.5%). To evaluate the extent of substructure in the SAC (separating cases and controls as distinct groups) and examine whether stratification can be accounted for in the GWAS, the smartpca programme in the EIGENSOFT package (52, 53) was applied to the merged data of the 888 SAC samples (also case-only and control-only) and its five ancestral populations (Supplementary Material, Fig. S6C ) on autosomal SNPs and SNPs on the X chromosome (Supplementary Material, Fig. S6D ). We additionally regressed case -control status from autosomal SNPs against the two first principal components in order to quantify the difference in genetic ancestry between Human Molecular Genetics, 2014, Vol. 23, No. 3 805 the SAC's case -control individuals. We obtained significant P-values ¼ 3.7e 206 and 0.002 respectively. Insignificant Pvalues of 0.332 and 0.317 were obtained from the same analysis applied to the X chromosome. The greatest genetic differentiation between the five proxy ancestral groups and the SAC is in the convex hull of the three non-African populations (GIH, CEU and JPT -CHB) and the two African populations (SAN, YRI). The pair-wise genetic distance between the SAC and each of its reference ancestral populations is also provided in Supplementary Material, Table S7 . Of note, the first principal component differentiates the SAC cases and controls. Most of the TB cases are pooled towards African ancestry and controls towards non-African ancestry. This provides evidence of significant differences in genetic ancestry between cases and controls in the SAC data consistent with the result in Table 3 . In addition, Supplementary Material, Figure S6D (on X chromosome) shows a strong genetic differentiation between SAN and other ancestral components in the SAC, including non-Africans and African Bantu. This indicates a high genetic contribution from SANrelated ancestral populations on the X chromosome.
Association test and meta-analyses
The association testing was performed on the full dataset of 888 individuals, which contained related individuals. To account for both population stratification and hidden relatedness that can result from the genealogy, we applied EMMAX (29) , which corrects for these relationships during the association mapping. We first applied EMMAX-kin to compute a pair-wise relatedness matrix from our dataset, which represents the structure of our samples. EMMAX estimated the contribution of the sample structure to the TB phenotype using a variance component model, resulting in an estimated covariance matrix of phenotype that models the effect of genetic relatedness on the TB phenotype. We ran EMMAX on TB phenotype data using the estimated covariance matrix to detect possible association. To account for rare variants that EMMAX could not address adequately, we separately performed Fisher's exact test, which is known to be appropriate for rare SNPs. To cautiously account the lack of flexibility to handle multiple predictors, the contribution of the sample structure to the phenotype and possible inflation in using Fisher's exact test, we only apply this test to few lowfrequency variants that show to be significant from the mixed models in GWAS, as this will aid in identifying artefactual associations. This is due to the imperfect asymptotic distribution of those mixed models in the case of low-frequency variants. Given m SNPs (from typed or imputed datasets) for association with TB, we expected around m × 0.05 to have P-value ,0.05 in each dataset, respectively. We therefore used a genome-wide significance level of a ¼ 0.05/2 × m.
To identify associations with small effect sizes, which the standard single GWAS could not identify, we combined two African TB genome-wide association studies (GWASs) including our GWAS, and the recently combined TB study of Ghanaian, Gambian and Malawian populations in a single GWAS analysis. A fixed-effects model (33) based on the inversevariance-weighted effect size was used to combine the results (log-odds ratio and standard error) from typed GWAS and two imputation GWASs (imputation based on both the data from HapMap 3 and the 1000 Genomes Project, including the nonpseudoautosomal region (nonPAR) and two pseudoautosomal regions (PAR1 and PAR2) of X chromosome) from the SAC and WTCCC-TB results (SAC-TB and Davila et al. are found in Supplementary Methods). We additionally applied randomand binary-effects models described in the MetaSoft program (33) , and we used the study P-values, the M-values (the posterior probability that the effect exists in the study), the mean effect and heterogeneity statistics to interpret the association results showing high heterogeneity (33) .
Power to replicate previous findings
We calculated the power to replicate each published TB SNP in the current case-control study based on the published odds ratios and study minor allele frequencies. The power calculation was carried out using the model implemented in Purcell et al. (54) . For each published association, we specified whether or not the published odds ratio lies within the 95% CI estimated in the current SAC dataset. Power analysis was conducted on the basis of a disease prevalence of 0.01%, the published effect size of each SNP, the minor allelic frequency (MAF) of each SNP observed in the SAC dataset, and the sample size in the SAC dataset. Under a one-sided test, we assumed a significance level of 0.05. We set error rates at 5% for cases, based on general evidence that misdiagnosis rates are often over 5%. To detect flip-flop associations due to different LD patterns and explain the failure of replicate previous TB studies in the current SAC dataset, we specified whether or not the published odds ratio lies within the 95% CI estimated in the current SAC dataset.
Genetic ancestry and TB risk
Socio-economic questionnaires were available for 82 cases and included information on two categories of income, per week self and per week household. These incomes were estimated based on the South African Rand (R) currency. These incomes were coded as follows: 0 ¼ ,R50, 1 ¼ R50 to R150, 2 ¼ R150 to R300, 3 ¼ R300 to R500, 4 ¼ R500-1000, 5 ≥ R1000 and 9 ¼ missing. We first computed the fraction of ancestry for each individual from five putative ancestral populations using the program ADMIXTURE (51) . To have the correlation and linear regression the same, we normalized all variables to have mean 0 and variance 1, since there exists a relationship between correlation and linear regression. To address this, we subtracted each variable by mean and divided by standard deviation. We separately regressed TB status against genetic ancestry proportion from each ancestral population. We evaluate the correlation between pairs of ancestral populations. To control the correlation between genetic ancestry in the SAC which can be potentially confounded, we test for the difference in TB risk (conditional risk) between pairs of ancestral populations.
Suppose b k and 1 k are the effect size and standard error from the regression model of the fraction of ancestry k in the admixed population against TB binary trait, respectively. To test for the difference in TB risk between a pair of ancestral populations k and l, we had to adapt the normal test statistic under the null hypothesis of no difference in risk between the two ancestral populations. Thus, we computed the Z-score of difference in risk, Z kl ¼ (b k 2b l )/sqrt(+), (k=l) which has a standard normal distribution Z kl N(0,1). We computed the probability, (two-sided
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Human Molecular Genetics, 2014, Vol. 23, No. 3 P ¼ 2 * (1 2 P(,|Z kl |)) that the value may be less than the Z-score. To account for the correlation among ancestry proportions in the admixed population, we first conducted a permutation test, whereby the above distribution of the test statistic under the null hypothesis is re-sampled 10 000 times under rearrangements of the case-control status. In addition, we adjusted for the covariance by computing cov kl ¼ r kl .1 k . 1 l where r kl is the correlation of the fraction of ancestry from ancestral population k and l. We derived the corrected test statistic by subtracting out 2 * cov kl . Thus, the above test is applied between pairs (and triplets) of ancestral populations, each African/non-African ancestral groups conditional on non-African/African ancestral groups.
We additionally computed the correlation between TB-ancestry and ancestry-SES, and because we have socio-economic data only for TB cases, we regressed SES against genetic ancestry. Naturally this sample size may not provide sufficient power to identify correlations. Fortunately, because of the uniform ethnicity, SES status where the SAC's case/control sampling were conducted (Materials and Methods), we derived the relationship between TB status and SES based on the correlations (a 95% CI on the correlation of ancestry and SES) obtained from TB-ancestry and ancestry-SES models.
Assessing locus-specific ancestry in multi-way admixed population GWAS of admixed populations, including admixture mapping was recently proposed to be informative for diseases for which the risk differs depending on the ancestry (1,3). These recent methods involve joint modeling of the admixture (accounting for locus-specific ancestry) and SNP association signals. From the simulation framework described in Supplementary Methods, we first used the simulated five-way admixed population data to assess the accuracy of the local ancestry algorithms WinPOP and Lamp-LD. We computed the correlation between inferred local ancestry Y and the true ancestry Z. To estimate this correlation, we computed an estimate of the expected squared correlation between Y and Z as in (55) . Given an ancestral population k, the expected squared correlation between Y and Z is a ratio of the expected covariance of Y and Z and the product of the expected variance of both Y and Z taken over loci and individuals: .
In addition, based on the true Z and inferred Y local ancestry, we compute the rate of calling true ancestry among different populations. Given a true ancestral segment of length N k (2N k is the total number of true ancestral alleles) derived from population k [ K along the simulated genome of the admixed population, we computed the distribution of the rate of calling true ancestry k [ K and the error rate of calling k = j [ Kancestral population instead of k as err =t j 2N k wheret j is the number of inferred ancestral alleles from ancestral population j [ K. We obtain the rate of calling true ancestry by summing over all loci and averaging over all individuals. Mendelian inconsistencies in local ancestry vary substantially across the genome and are mostly consistent with genomic regions with large deviations in local ancestry (45, 46) . Such genomic regions may lead to false-positive associations in scans of local ancestry across the genome (e.g. case-only admixture mapping). Assessing local ancestry using simulation may not measure systematic inaccuracies arising from the violations of model assumptions such as modelling of random mating, number of generations since admixed occurred and recombination rate (45, 46) . We conducted a real data-based evaluation of local ancestry using the SAC population. We evaluated the extent of spurious deviations in average local ancestry from case and control samples of the SAC. To address this, we subtracted the inferred average locus-specific ancestry by the corresponding genome-wide average ancestry; this later is approximated as a normal distribution under neutral drift with mean 0 and empirical variance. We fitted a chi-square on the obtained normal distribution (Supplementary Methods Text 2) to test for spurious deviations in average local ancestry. We compare these deviations in case and control samples of the SAC.
